Abstract
| INTRODUCTION
Over the past years, the Patient-reported Outcomes Measurement Information System (PROMIS) initiative has developed item banks for the measurement of a large number of clinically important outcomes in order to help standardize the measurement of patients' subjective health status Cella et al., 2007b; Cella et al., 2010b) . Item Response Theory (IRT) methods that are generally used for developing and evaluating respective instruments go beyond the concepts of Classical Test Theory (CTT) by modeling the relations between item responses and an underlying latent trait (usually referred to as theta) in a mathematical way (Embretson & Reise, 2000) .
Resulting IRT-based item banks are collections of items and their respective parameters assessing a common latent dimension, thereby defining the latent construct being measured. IRT delivers greater flexibility when tailored measures are needed to fit a specific sample, when test scores of different measures need to be compared, and when response data is incomplete (Streiner, 2010; Thomas, 2010; Reise & Waller, 2009; Wahl et al., 2014) . Furthermore, IRT models allow computerized adaptive testing (CAT) to increase measurement precision (Choi, Reise, Pilkonis, Hays, & Cella, 2010; Cella et al., 2007a) .
As the IRT-based item banking approaches are especially valuable to investigate differences between different language versions of a measure, PROMIS has recently begun to translate its instruments in other languages to further standardize measurement of PatientReported Outcomes (PROs) (Alonso et al., 2013) . There are differences between cultures regarding constructs such as depression (Ryder et al., 2008) and it has been advised to test psychometric properties of a measure after translation (Beaton, Bombardier, Guillemin, & Ferraz, 2000) , as differences in psychometric properties are informative about differential validity of certain items (Thissen, Reeve, Bjorner, & Chang, 2007) . Such assessment is particularly important when one wants to compare such different groups on the measure in question (Petersen et al., 2003) , since measurement invariance is a prerequisite for valid group comparisons (Meredith & Teresi, 2006) .
Based on IRT models it can be evaluated whether items perform similarly across different groups (Hahn, Bode, Du, & Cella, 2006) . Differential item functioning (DIF) is a measurement bias between certain groups (e.g. sex, age, language) that leads to systematically different item and, hence, test scores, although the underlying latent variable of interest is constant (Millsap, 2011) . There are different approaches to assess DIF based on either factor-analytic methods (for example, multigroup confirmatory factor analysis (CFA) or MIMIC modeling [Finch, 2005] ) or IRT methods (for example, IRT-based Likelihood ratio tests [Edelen, Thissen, & Teresi, 2006 ], Raju's DFIT method [Oshima & Morris, 2008] or in an ordinal regression framework [Crane, Gibbons, Jolley, & Van Belle, 2006] ). The assessment of DIF is considered important in validity assessment of PROs, although criteria to detect and estimate impact on scale scores are somewhat unclear (Fayers, 2007) . It has been shown that DIF between groups can have considerable impact (Huang, Church, & Katigbak, 1997; Choi et al., 2009; McKenna, 2011) , for example, language DIF of various degrees has been found in measures for dementia (Edelen et al., 2006; Crane, Gibbons, Jolley, & Belle, 2006) and quality of life (Hahn et al., 2006; Petersen et al., 2003; Rocha, Power, Bushnell, & Fleck, 2012; Perkins, Stump, Monahan, & McHorney, 2006) . Hence, PROMIS considers DIF testing between sex, age, and diagnostic groups as a standard in instrument development (Patient-reported Outcomes Measurement Information System, 2013) and translation (Alonso et al., 2013) . Items exhibiting DIF are usually excluded from item banks during development (Pilkonis et al., 2011) . and Dutch samples (Crins et al., 2015) , and Social Health between US and Spanish-speaking samples (Hahn et al., 2014) . While a substantial impact of language related DIF was found in Physical Functioning between US and Latino (Paz et al., 2013) , in others language-related DIF was negligible (Crins et al., 2015; Oude Voshaar et al., 2014) or even absent (Hahn et al., 2014) . In studies investigating language DIF of depression measures, DIF has been found with various impact on scale scores (Azocar, Areán, Miranda, & Muñoz, 2001; Arthurs, Steele, Hudson, Baron, & Thombs, 2012; Hirsch, Donner-Banzhoff, & Bachmann, 2013; Kwakkenbos et al., 2013) and authors emphasize that assessment of language DIF should be conducted when pooling different language data (Kwakkenbos et al., 2013; Arthurs et al., 2012) .
The PROMIS depression item bank, initially calibrated in a US sample of 14,898 participants, outperforming legacy instruments in terms of measurement precision (Pilkonis et al., 2011) , was translated into German (Wahl, Löwe, & Rose, 2011) . In this paper we investigate language DIF between the US and German PROMIS depression item bank, using data from a general population survey and a clinical sample from Germany as well as US calibration data to assess whether US item parameters are suitable for German-speaking samples. In our DIF analysis, we directly use the PROMIS Depression US parameters as baseline model instead of separate model estimation and linking, as done in earlier works. We also account for uncertainty in theta estimates by using the plausible draws approach (Gorter, Fox, & Twisk, 2015) . As convergent measures of depression severity, the Patient Health Questionnaire (PHQ-9; Kroenke, Spitzer, & Williams, 2001; Martin, Rief, Klaiberg, & Braehler, 2006) was used in the German clinical sample and its respective short form PHQ-2 (Löwe et al., 2010; Kroenke, Spitzer, Williams, & Löwe, 2009) in the German general population sample. In contrast in the US, the Center for Epidemiologic Studies Depression Scale (CES-D) was collected in PROMIS wave 1 (Cella et al., 2010a) .
| Samples
As US sample we used the records from the PROMIS wave 1 data, which were collected through an independent polling company and used for initial calibration of the PROMIS measures (Cella et al., 2010a) . Quota sampling was conducted in order to resemble the marginal distributions of gender, age, education and ethnicity (Cella et al., 2010a) . Participants fulfilling the following criteria were included in our analysis:
• had all PROMIS depression items presented
• at least 50% of the 28 final depression items were answered
• did not meet the PROMIS exclusion criteria (average response time < 1 second or 10 consecutive items with response time < 0.5 seconds)
We excluded respondents from the block design used for the PROMIS wave 1 data collection (Pilkonis et al., 2011) as these respondents often had answered less than six items of the final depression item bank. These short response patterns resulted in theta estimates with high standard error. Overall, 780 respondents from the US sample fulfilled the above mentioned criteria. Since those respondents are a subsample of the PROMIS scale setting sample, the sample is from the general population but not representative.
The translated PROMIS Depression item bank was presented to a randomly (random-route) generated sample of the German general population. Overall, the sample comprised 4,455 persons of whom 2,504 answered a structured questionnaire personally in the presence of an interviewer. Main reasons for non-participation were refusal to take part (28.4% of 4,455 persons) and not encountered at home (13.9%) (Häuser, Schmutzer, Brähler, & Glaesmer, 2011) . This survey was carried out by an independent social research institute (USUMA, Berlin). More detailed information on the sampling scheme can be found elsewhere (Häuser et al., 2011) .
A clinical convenience sample (n = 643 patients) of the Department of Psychosomatic Medicine and Psychotherapy, University Medical Center Hamburg-Eppendorf, with a wide range of somatic and mental conditions, answered these items during psychometric routine diagnostics. Data from the German general population and clinical samples were pooled to achieve coverage over the whole continuum of depression severity.
The earlier mentioned criterion on missing item responses was applied to the German general population and clinical sample, leading to the exclusion of 4 and 22 records, respectively. The final sample sizes were n = 2,500 and n = 621 persons, respectively.
| Statistical analysis 2.3.1 | Depression mean scores from legacy and PROMIS measures
To allow comparison between the legacy measures PHQ-9, PHQ-2 and CES-D, we scaled them to the US PROMIS metric, using item parameters reported by Choi, Schalet, Cook, and Cella (2014) . For this, we used our new web application (http://www.common-metrics.org).
We drew 25 sets of plausible values (Gorter et al., 2015) from the resulting expected a posteriori (EAP) estimates and estimated the mean for each sample in a linear model for each draw. The mean estimates from these 25 models were then combined according to Rubin's rule (Schafer & Graham, 2002) . We calculated the depression severity from the PROMIS item bank, using US item parameters (Pilkonis et al., 2011) , accordingly.
| Unidimensionality and local independence
To assess unidimensionality of the data, a CFA model was fitted using the weighted least squares means and variance adjusted (WLSMV) estimator to account for the ordinal nature of the responses. Since for a unidimensional model insufficient fit has been reported in a German sample, we also fitted the proposed bifactor model (Jakob et al., 2015) . We assessed chi-square, the Comparative Fit Index (CFI, cutoff >0.95), the Tucker-Lewis Index (TLI, cutoff >.95) and the root mean square error of approximation (RMSEA, cutoff <0.08) as measures of model fit (Brown & Kenny, 2006; Hu & Bentler, 1999) . Furthermore, we investigated size of residual correlations to identify possible violations of local independence and estimated exploratory bifactor models for each subsample to calculate the explained common variance (ECV, cutoff >0.60) (Reise, Scheines, Widaman, & Haviland, 2012) .
| DIF analysis
Items showing DIF regarding sex, age and education during the construction process of the PROMIS Depression item bank were already excluded from final calibration in the US sample (Pilkonis et al., 2011) . In German samples DIF of the PROMIS Depression item bank regarding sample origin, age, gender, and level of education was not found in an earlier analysis (Wahl et al., 2014) . Hence, we focused on analysis of language-related DIF. Given the rigorous translation process (Patient-reported Outcomes Measurement Information System, 2013; Wahl et al., 2011), we had no specific hypothesis which items might be prone to DIF.
For the assessment of potential language DIF in PROMIS measures, to date researchers have used DIF analysis in an ordinal regression framework (Crane et al., 2006) and its implementation in the lordif-package (Choi, Gibbons, & Crane, 2011 ) with a criterion of R 2 -change of 0.02 (Crins et al., 2015; Hahn et al., 2014; Oude Voshaar et al., 2014; Paz et al., 2013) . In case of absence of language DIF, parameters from the US calibration sample have been simply used in other languages as well (Hahn et al., 2014; Paz et al., 2013) . However, in earlier studies DIF analyses included separate model estimation steps in the population of interest and subsequent linking of parameters to the reference metric. In contrast, we used the item parameters reported by Pilkonis et al. (2011) as the baseline model with unconstrained sample mean and standard deviation.
For all items we unconstrained item parameters from the baseline model one at a time in the German sample. The resulting models were used to estimate theta with the EAP technique in both the German and the US sample. Since direct use of EAP estimates in regression models does not account for uncertainty in theta, we drew 25 samples of plausible values (Gorter et al., 2015) and fitted three ordered logistic regression models with the following assumptions in each of the 25 imputed datasets:
• Model 1 (no DIF): item response~theta
• Model 2 (uniform DIF): item response~theta + language
• Model 3 (non-uniform DIF, interaction term included): item response~theta + language + theta*language After combining R 2 over the 25 datasets (Harel, 2009) , items exhibiting an increase in Nagelkerke's pseudo-R 2 by 0.02 between those models were flagged as potential DIF items (Watt et al., 2014 as well as CAT). We used Firestar (Choi, 2009 ) to simulate CAT which was designed to apply 4-12 items until a standard error of 0.32 (corresponding to a reliability of 0.90) is achieved. Precision over the theta continuum was compared. We also investigated the differences found between the individual plausible scores from both models descriptively with loess smoothers. In order to assess a possible mean difference and an effect of depression severity we fitted a linear model; the estimates from the 25 draws were again combined according to Rubin's rule (Lumley, 2014 ).
We did not consider sampling weights to approximate population representativeness of the German general population sample in our analysis.
All statistical analyses were conducted using R 3.2.2 (R Development Core Team, 2008) . In particular, we used packages rms for ordinal logistic regression analysis (Harrell, 2013) , DFIT for NCDIF calculation (Cervantes, 2015) , mirt for multiple group IRT model estimation and theta calculation (Chalmers, 2012) , mitools to combine estimates (Lumley, 2014) and ggplot2 for graphics (Wickham, 2009 
The first and the second run of the DIF analysis (see Table 2 ) had the same result: no item showed uniform or non-uniform DIF exceeding the criterion of R 2 change >0.02; a total of four items exhibited the NCDIF cutoff of 0.096 (eddep05: "I felt that I had nothing to look forward to", eddep06: "I felt helpless", eddep26: "I felt disappointed in myself" and eddep50: "I felt guilty").
Items eddep05 and eddep06 were scored higher in German samples assuming constant depression severity, while items eddep26 and eddep50 were scored lower. Specific GRM parameters of these four items for use in German samples can be found in Table 3 . Correcting for DIF led to a maximum difference in expected test scores of 0.27 (full bank, given a possible maximum score of 112), 0.95 (short forms 8a, 8b, maximum score 32), and 0.47 (short form 4a, maximum score 16, short form 6a, maximum score 24).
The CAT applied an average of 7.7 (standard deviation =3.7) items in the German general population and 4.4 (1.4) items in the German clinical sample. In 37% (n = 928) of the general population sample the CAT did not reach the precision criterion, which was true in only 2%
(15) of the cases in the clinical sample. As expected longer test forms result in smaller standard errors of theta estimates, but it is noteworthy that even the shortest measure (short form 4a) reaches a reliability of about 0.9 when theta is between 50 and 70. The CAT results in the most constant measurement precision over the whole continuum. Bland-Altman plots (Figure 1 ) revealed that over all sets of plausible values, the differences between the US model and the DIF corrected model were not linear, but deviations from linearity were mostly at extreme values of depression severity. The DIF corrected model resulted in larger depression estimates in the CAT in the clinical sample, whereas the short form 8a and short form 4a yielded larger depression estimates in the general population. Overall, these effects appeared to be small. Table 4 shows the effect of DIF correction on theta estimates from the full bank, a CAT and the short forms over 25 sets of plausible values when assuming a linear effect. Overall, correction for DIF had a negligible impact on scores on the group level for the full bank and the CAT, with the overall mean of scores differing less than 0.1 points. For the short forms, the mean difference was larger and statistically significant, but still not exceeding a small effect size on the T-metric (< 1 point) . In all forms, we only found small effects of depression severity on the difference of theta estimates.
| DISCUSSION
We found that the German translation of the PROMIS Depression item bank is a unidimensional and precise measure for depression. No item showed language-related DIF in German samples compared to the US item parameters according to the common criterion of DIF in an ordinal logistic regression framework as used in other translations of PROMIS measures before. Further, using a more conservative criterion as Rajus NCDIF (Raju et al., 1995) , only 4 out of 28 items showed language DIF.
Accounting for these differences led to only minor differences in depression estimates in all short forms. Taken together, this finding provides strong evidence that use of US parameters is warranted in German samples, unless one wants to investigate small effects. In that case, it might be necessary to take DIF into account. Unfortunately, all current short forms made available by PROMIS (4a, 6a, 8a, 8b) contain at least one item exhibiting DIF in our analysis. This could be addressed by either replacing the DIF items by items not showing DIF with similar IRT parameters or by scoring the short form in German samples with the corrected item parameters reported in this paper.
We observed a large mean difference between the German and the US general population samples which cannot be explained by DIF. Both samples deviated by more than half a standard deviation on the T-score metric. The difference in depression severity could result from differences between populations; however, recent national survey data suggest a strikingly similar 12-month prevalence estimate for major depression, i.e. 6.0% in Germany (Jacobi et al., 2014) Such an influence on certain items should be detectable by our DIF analysis, whereas a general dissimulation of depressive symptoms could not be detected. A further possibility for the considerable mean difference in depression severity could be that the interpretation of the response format differs between languages. These issues could unfortunately not be addressed within the current study design.
The strengths of our study are that we were able to use a large sample from the German general population combined with a clinical sample of patients with elevated depression scores. Furthermore, we based our DIF analysis on the published and widely used US parameters (Pilkonis et al., 2011) which made re-estimation of item parameters in the US sample unnecessary. We also accounted for the uncertainty of theta estimates by using plausible values instead of the crude EAP estimates throughout the paper (Gorter et al., 2015) . This ensures that the less precise EAP estimates have less impact on the analysis as the more precise EAP estimates. Taking this uncertainty into account, the differences in R 2 between the different regression models in the DIF analysis were smaller than when based on crude EAP estimates.
A crucial limitation of our analysis is the selection of a somewhat arbitrary DIF criterion, but unfortunately, there is no consensus which criteria for DIF detection balance power and clinical usefulness.
However, R 2 has been used as a standard measure in PROMIS, but has also been reported to be potentially not sensitive enough to identify meaningful DIF . In contrast, Likelihood ratio tests between IRT models are reported to be too sensitive to deviations from the sample-specific item parameters (Edelen, Stucky, & Chandra, 2015) . Hence, different cutoffs of R 2 -change for relevant DIF have been used, e.g. 0.02 (Watt et al., 2014) , 0.03 (Wahl et al., 2014) ; Fliege et al., 2005) or 0.035 and higher (Walter et al., 2007; Resnik, Tian, Ni, & Jette, 2012) . Since R 2 might inflate in homogenous samples, it is problematic to compare R 2 -change over studies. Within PROMIS there is consensus to use a rather conservative R 2 -change criterion and we also included Najus NCDIF (Raju et al., 1995) . As an exploratory sensitivity analysis based on a reviewer's suggestion, we calculated the area under the curve (AUC, c-statistic) and its change between models. In general, AUC was high for each item (0.87 to 0.95) and its DIF-related change very small (0.00 to 0.01), which is consistent with our interpretation of R 2 -change. Still, it appears necessary to investigate new measures of DIF (Edelen et al., 2015) .
While we had some information on the reasons for non-participation in the German general population sample, we did not have any information on non-participation in the US and the German clinical sample. We believe an influence of non-participation on our study is unlikely, since a possible selection would be probably associated with age, gender, education or health status; it has been shown before that none of the items in question showed DIF related to these variables neither in English nor German samples.
Within this paper we assessed scale equivalence, but establishment of metric equivalence remains unsolved (Bullinger, Anderson, Cella, & Aaronson, 1993) . We have shown that a theta of 50 -indicating the mean depressive severity of the US calibration sample -does not resemble the mean depressive severity in the German general population sample. We feel that there are two competing viable approaches to address such differences between two language versions of a test, with both having their advantages and shortcomings.
One approach would be to use the same item parameters for every language group. Item parameters could be corrected for DIF, if necessary. This approach allows cross-language comparisons of individuals and the same response patterns would result in similar theta estimates in all groups. However, the scale would have a rather arbitrary mean and standard deviation in translated versions, which depends on the calibration sample in the original version.
Another approach aims to achieve that for all language versions of a given instrument representative general population sample score with a mean of 50 and a standard deviation of 10. This leads to a standard and widely valid definition of any metric by providing a strong and language-specific anchor calibrated to the respective representative general population sample; but at the same time, it leads to problems in cross-language studies where two persons' latent trait may have the same value but different meanings due to overall differences in trait distributions between general population samples representing different language and cultural groups. Some sort of relative comparability (relative to the respective representative sample) could be established using linking-methods such as equipercentile-linking (Dorans, 2007) , but it would be a huge effort to have comparable, yet representative general population samples in each language.
Given that PROMIS International aims to establish translations in more than two languages, this is an important issue. The argument can be made that a common metric will be more likely accepted as a standard, when item parameters are globally the same. Hence, for an internationally comparable outcome measurement, one long-term perspective might be to aim for a global reference point on the scale. nihpromis.org for additional information on the PROMIS initiative.
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